Acknowledgement: We are grateful for the exchanges with Cliff Binstock, the CEO of XBRL Cloud, who helped us understand the data of XBRL filing errors his company compiled and we used in our study. provider, more than 4000 filing errors have been identified. We examine the overall changing pattern of the errors to understand whether the vast number of errors may hamper the transition to the interactive data reporting. Using a sample of 4532 filings that contain 4260 errors, we document significant learning curves exhibited by the SEC XBRL filing environment, by the filers, and by the XBRL software vendors. Specifically, we find that the number of errors per filing is significantly decreasing as more quarters pass, when a company files more times, and when a higher version of software is used, suggesting that the SEC, the company filers, and the technology community all learn from their experiences and therefore the future filings are improved. Our findings provide evidence to encourage the regulatory body, the filers, and the XBRL technology supporting community to embrace the new disclosure requirement in financial reporting. The significantly decreased number of errors also helps address the information users' concerns regarding the data quality of XBRL filings. 
Introduction
In 2009, the SEC issued its mandate requiring that publicly traded companies file their financial statements with the SEC in an interactive data format using the eXtensible Business Reporting Language (XBRL) (SEC 2009a) . The mandate is to be implemented over a three year phase-in schedule, beginning in 2009 for the largest companies, and by 2011 for all public companies. Shortly after the completion of the XBRL filings by the first phase-in group of filers, the SEC summarized the XBRL validation errors that will cause the XBRL exhibits not to be filed (SEC 2009b) . The SEC staff also identified a number of matters that filers should consider to improve their future filings (SEC 2009c) . Similar errors and additional issues in the filing process were discussed by the SEC staff after the second phase-in group completed their filings (SEC 2010) . Six quarters after the initial phase-in, XBRL Cloud, an XBRL product and service provider, has compiled more than 4000 filing errors made by more than 1000 filers at its EDGAR Dashboard website. 1 The objective of this paper is to make a timely examination of the changing pattern of the XBRL filing errors that fail the SEC validations and to draw some inferences on this phenomenon. While prior studies have examined the specific errors made in the XBRL filings (Debreceny et al. 2010; Bartley et al. 2009 ), we focus on the overall changing pattern of all validation errors in the first six quarters of the mandatory filings that include the first and the second phase-in groups of companies. Since the validation errors cause XBRL filings to be incomplete and inaccurate (SEC 2009b) , an analysis of the pattern of the filing errors would help filers understand the error pattern and learn from the errors when they comply with the mandate.
The study also provides useful insights to the SEC in evaluating the filing process. It is helpful as 1 More information about XBRL Cloud is available at: http://www.xbrlcloud.com/ well to the technology community that facilitates the implementation of the new disclosure requirement in that it guides them to better compliance and improved filing practices.
Furthermore, the error pattern can help address the information users' concerns regarding the data quality of XBRL filings. The filing data from XBRL Cloud provides us an opportunity to study the errors in a timely fashion after the first and the second groups of phase-in companies have completed their mandatory filings. In the six quarters from the second quarter of 2009 to the third quarter of 2010, we obtain 4532 filings that contain 4260 errors which should not be accepted by the SEC according to its EDGAR Filer ManualVolume II (SEC 2009d) .
Based on the learning curve theory in the management science literature (e.g., Argote and Devadas 1991; Ingram 2002; Wiersma 2007) , we document significant learning curves measured by the number of errors per filing. The learning curves are exhibited by the SEC XBRL filing environment, by the company filers, and by the XBRL technology vendors. Thus we observe the learning curves in the following three areas. First, the errors are concentrated in the first reporting quarter of each phase-in stage with the first quarter of the first phase-in stage having the highest number of errors per filing. The number of errors per filing lessens in the subsequent quarters. Second, first time filers make the most errors per filing but the errors diminish as these companies file more times. Third, more errors come from the lower versions of software that companies use to file their XBRL documents and the errors decrease when companies switch to higher versions of the same software. Also, the number of errors per filing is higher in quarterly filings than in annual filings because companies typically spend less time on 10-Qs than on 10-Ks. In our regression analysis, after controlling firm characteristics and other confounding factors, we find that the number of errors per filing is significantly negatively associated with the number of quarters passed since the SEC mandate, the number of times filed by a company, and the lower version of software used to file. The decreasing error pattern continues until all four levels of footnote tagging are required one year from a filer's initial filing. We also find that the number of filing errors for a filer is significantly higher in its fifth time filing than in its fourth time filing. The result suggests that the additional footnote tagging requirement starting one year from a filer's initial submission in interactive data triggers a new round of learning curve and cautioning practitioners to pay extra attention when preparing the required four levels of footnote tagging. Moreover, we document positive associations between a company's own creation of XBRL extensions, quarterly filings as opposed to annual filings and the number of errors. Our findings also support the SEC's phase-in schedule that allows the year two and later filers to benefit from the experience of year one filers. In addition, because the number of errors may not be normally distributed across the filings, 2 we use a logistic regression to test the probability of having a filing error or not. The robustness check yields the same results. Collectively, we demonstrate the decreasing pattern of XBRL filing errors among the first two phase-in groups in the first six quarters of the XBRL mandate.
We contribute to the XBRL literature by providing evidence of learning exhibited in the filing process. While thousands of errors in the first two stages of phase-in filings may be of a concern to the parties involved in the XBRL mandate, our findings show the overall error pattern to be diminishing. The findings are consistent with the theory of "learning by doing" in the learning curve literature (e.g., Argote and Devadas 1991; Ingram 2002; Wiersma 2007), suggesting that the SEC, the filers, and the software vendors all learn from their experiences to reduce errors and therefore the future filings are improved.
Our study is important for the following reasons. First, for the filers who are concerned about the enormous errors in the XBRL filings, we demonstrate the diminished error pattern to alleviate their concerns. This is because companies do learn from experience. Not only do they learn from their own experiences in the XBRL filing process, the so called intraorganizational learning, but also they can benefit from other companies' XBRL experiences, the interorganizational learning. We show evidence to support the SEC's phase-in schedule that allows the year two and later filers to benefit from the experience of year one filers. Even though the interactive data filings are mandatory for all public companies, our findings provide evidence to encourage all companies to embrace this new financial disclosure requirement that is intended to improve the communication and usefulness of financial information. We show that the key factors associated with the filing errors are mainly filing characteristics rather than firm characteristics. This finding should provide the confidence needed for companies to comply with the mandate regardless of their size, industry, operating results, and financial health. Second, the SEC has been monitoring the implementation of the interactive data reporting. It would, "… if necessary, make appropriate adjustments during the phase-in period" (SEC 2009a) . If companies are overwhelmed by the vast errors and become frustrated in the filing process, the SEC may need to reconsider the requirement of interactive data reporting or slow down the phase-in schedule. The significantly decreased number of errors over filing quarters provides useful information to the SEC in evaluating the XBRL mandate. Third, our findings are encouraging to XBRL software vendors, practitioners, and filing agents. They actively participate in the filing process and become an equally important part of the learning curves. Our findings suggest that their effort to improve the interactive data reporting by updating their software and using the software more effectively is rewarded by the decreased number of filing errors. Fourth, the evidence of significantly decreased number of errors is helpful in addressing information users' concerns regarding the data quality of XBRL filings. Lastly, we are the first to apply the learning curve theory to the implementation of the XBRL mandate. These interesting learning curves are yet to be explored and investigated further in studying the impact of new technologies on financial reporting.
The remaining paper is as follows. We discuss the background and develop our hypotheses in the next section. The research method is presented in the third section, followed by the discussion of the results in the fourth section. In the last section, we provide the conclusion, limitations, and implications.
Background and Hypothesis Development

Learning curves and errors in XBRL filing
Learning curves have long been documented in the literature of management science, first as rudimentary or anecdotal observations (Wright 1936) , and gradually developed into part of the formal theory of organizational learning as empirical or scientific evidence (e.g., Yelle
1979; Argote and Devadas 1991; Wiersma 2007) . Knowledge can be learned by units, such as an individual, a group, or a company and the relationships between units in an organization affect learning because knowledge is transferred between units (Argote et al. 2003) . Although the management literature has shown a variety of learning curves (e.g., Argote 1993; Wiersma 2007; Morrison 2008) , the most classic learning curve captures the mechanism of "learning-by-doing" (Adler and Clark 1991) or experience-based learning. Experience provides learning units with the opportunity to learn through repetition and trial-and-error learning. Individuals and company units learn from their experiences because they absorb and understand knowledge by relating it to what they have done before (Cohen and Levinthal 1990) . Typically, the learning curve is steep in the initial stages of learning and becomes less steep in the later stages and may eventually reach a plateau, when additional experience can hardly add more impact on learning (Wiersma 2007) . The learning effect of the curves is often measured by company performance such as sales growth, profitability, production costs, or bankruptcy. The empirical studies on those measures suggest that companies benefit from learning-by-doing (e.g., Argote and Devadas 1991; Wiersma 2007) . Furthermore, internal firm structure and characteristics can affect the learning curve. Small companies with simple business operations are more likely to learn by doing than large companies with multiple business operations (Ingram and Baum 1997) . However, vertically integrated companies with complex business operations learn better from their experience in turbulent environments than less complex companies (Sorenson 2003) .
In addition to the intraorganizational learning described above that involves learning within an organization (Argote and Ophir 2002) , a company also learns from other companies, the so called interorganizational learning (Ingram 2002) . Organizations can benefit from the interorganizational learning because they enjoy the accumulated knowledge without the cost of the accumulated experience (Kraatz 1997) . However, the degree of such a benefit depends on the alliance network or competitive relationship among the organizations and how one company applies other companies' experiences (Baum et al. 2000) . The three-year phase-in schedule of the XBRL mandate implementation is consistent with the theory of interorganizational learning as the SEC designed the schedule with the intention to "permit companies to plan and implement their data tagging with the benefit of the experience of year one filers" (SEC 2009a).
While learning curves have been largely measured by company performance, the vast errors in the first six quarters of XBRL filing provide a unique setting to study learning curves exhibited by the regulatory body, the filers, and the software vendors. The learning units involved in the XBRL filing process are primarily the groups that are responsible for the filings even though some individuals' effort and learning are inevitable during the process. Specifically, the learning unit at the SEC is the Office of Interactive Disclosure (OID) 3 , a filer's learning unit is the company's financial reporting division, and a software vendor's learning unit is its XBRL technology development group. The filing agent used by many companies falls somewhere between a company's financial reporting unit and a software vendor, perhaps more skewed toward a software vendor. While the focus of the learning unit of a software vendor is to develop the XBRL technology, the responsibility of the learning unit of a filing agent (i.e., a project team for XBRL filing) is to use the technology to file interactive data for its corporate clients. These basic learning units exercise the traditional mechanism of learning-by-doing to improve the XBRL filing through repetition and trial-and-error practice.
To measure the SEC's learning curve, we use the number of errors affected by the number of filing quarters passed. After several number of filing quarters have passed, the OID learns from its experiences by reviewing the XBRL data from filers, diagnosing errors, improving taxonomy, and striving to provide guidance and support to filers. Such learning is indicated by the OID's communications with the filers to suggest a number of areas where the filers can make improvement (SEC 2009c; SEC 2010) . The filer's learning curve is measured by the number of errors affected by the number of times a filer has filed the interactive data. The filer learns from its filing experience, knowing the mistakes it made before, and avoiding them as the filer tries and repeats the same tasks again. The learning curve of an XBRL software vendor is measured by the number of errors changed by using a different version of the filing technology the software vendor provides. A software vendor typically replaces a lower version of software with a higher version which incorporates modifications and improvements the software developers have learned from their experience with the lower version. 4 All the three learning curves we measure for the regulatory body, the filers, and the software vendors involve classic experience-based learning.
Requirement of the phase-in XBRL filings and errors
There has been over one decade of studies and evaluations on the Internet facilitated financial reporting in general and XBRL in particular (Ashbaugh et al. 1999; Debreceny et al. 2002; Ettredge et al. 2002; Debreceny et al. 2005; Kelton and Yang 2008; Debreceny et al. 2010 ). These studies explored, advocated, and generally supported the idea of using the Internet companies' SEC filings from a paper based format to an electronic format and makes them available to users at the SEC's website. The easily accessible HTML filings on the Internet have greatly improved the distribution of financial information. However, the data in HTML format is not "interactive" in the sense that the data cannot be downloaded into spreadsheets and analyzed with software tools or used within investment models directly without manual re-entering. The new mandate required by the SEC is to transfer its EDGAR database from an old-fashioned document filing system into an interactive data repository, in which company filings are XBRLtagged and therefore can "interact" with users or be conveniently retrieved in more desirable formats. The interactive data allows financial statement information to be downloaded directly into spreadsheets and analyzed or used in a variety of ways, thus improving the usefulness of accounting information to investors, analysts, and other financial statement users.
The SEC rule mandates a three-year phase-in interactive data reporting for companies' financial statements based on their filing status. It requires that in year one of the phase-in period all large accelerated filers that have a common equity float above $5 billion using U.S. GAAP begin interactive data reporting with their quarterly and annual reports for a fiscal period ending on or after June 15, 2009. In year two of the phase-in period, all other large accelerated filers using U.S. GAAP are required to begin the same interactive data reporting for a fiscal period ending on or after June 15, 2010. All remaining filers, including companies using U.S. GAAP and foreign private issuers using IFRS are required to provide their initial interactive data submission as of June 15, 2011, which is year three of the phase-in period.
Regardless of a company's filing status or the year of its initial phase-in, the first-time filing by a company is different from the rest of its filings in one important way. Within 24 months of the time a company is first required to submit interactive data files, the files are "deemed not filed for purposes of specified liability provisions and protected from liability for failure to comply with the tagging requirements" (SEC 2009a). It gives companies relief by limiting legal liability for the initial filings.
In addition, the new rule requires that footnotes be tagged using four different levels of details, which are (1) each complete footnote, (2) each significant accounting policy within the significant accounting policies footnote, (3) 
Hypotheses
The errors in the XBRL filings are of great value as they are related to the quality of data and the reliability of accounting information. A prior study has documented the extent and seriousness of filing errors in signage, amounts, labeling, and classification when comparing the XBRL filings by voluntary filers to their 10-K Forms (Bartley et al. 2009 ). A more recent study using the data from the first quarterly filings by the first group of filers provides evidence about computational errors in the first phase-in quarter of the XBRL mandate (Debreceny et al. 2010 ).
We are interested in examining the overall changing pattern of the errors in the first six quarters of the XBRL filings, which include the relatively straightforward block text footnote tagging and the more challenging requirement of all four levels of detailed footnote tagging.
Based on the classic learning curve theory of learning from experience, the SEC, the filing companies, and the software vendors all learn from the earlier XBRL mandatory filings and use the experience to correct errors and to improve future filings. In addition, companies are shielded by certain safe harbor provisions at their initial interactive data reporting, which may increase the chance of having errors. We predict that the number of filing errors reaches the highest number in the first quarter of the XBRL mandate, at a company's first time filing, and using a lower version of software. The errors gradually decrease when more filing quarters pass, as companies file more times, and if a higher version of software is used. This pattern continues until all four levels of footnote tagging are required one year from a filer's initial filing. This leads to our first hypothesis which consists of three sub-hypotheses:
H1a: Ceteris paribus, the number of XBRL filing errors becomes lower as more quarters pass.
H1b:
Ceteris paribus, the number of XBRL filing errors becomes lower as a filer files more times during the first year.
H1c:
Ceteris paribus, the number of XBRL filing errors is lower when using a higher version of XBRL software than when using a lower version of software.
Moreover, all four different levels of detailed footnote tagging are required one year from the initial filings in which only block text footnote tagging is required. These additional tagging requirements demand filers to learn new filing procedures and tasks which trigger a new round of learning curve. We expect a surge in the number of filing errors when a company files the fifth time. After the fifth filing, the number of errors decreases in a repetition of the learning curve. This leads to our second hypothesis:
H2:
Ceteris paribus, the number of XBRL filing errors for a filer is higher in its fifth time filing than in its fourth time filing.
Learning curves vary considerably depending upon organizational structure, culture, and business stability (e.g., Ingram and Baum 1997 
Measure of number of errors
Our measurement of number of errors directly comes from the XBRL Cloud EDGAR Dashboard dataset. In this dataset, an error is defined as "SEC will not (or should not) accept the document according to the EDGAR Filing Manual".
Test variables
As discussed inSection 2, the three learning curves we examine arethe learning by the regulatory body, the learning by the filers, and the learning by the software vendors.
Accordingly, we measure three test variables: the number of quarters passed; the number of times filed and the software version. In addition, considering the additional tagging requirements posed for the fifth time filings, we break down the "number of times filed" variable into two detailed variables: "number of times filed in Phase 1" and "number of times filed in Phase 2".
Control variables
We classify all the control variables into two categories: firm (filer) characteristics related factors and filing characteristics related factors.
Firm (filer) characteristics related factors
The first determinant under the firm characteristics category is whether or not a filer participated in the voluntary filing program (VFP). Since the VFP participants 5 have already had experience with XBRL as they filed during the program, these companies are more likely to have a higher XBRL mandatory reporting quality.
Firm complexity and business stability also affect learning curves. Small companies with simple business operations generally do better in the learning curve than large companies with multiple business operations (Ingram and Baum 1997 financial health, we use LOSS (whether or not the earnings before extraordinary items is negative) as the measure of financial health and add EXTERME SALES GROWTH and RESTRUCTURING CHAEGE to measure stability (Doyle et al. 2007 ). We expect there will be a positive association between these three variables and the number of XBRL reporting errors.
Filing characteristics related factors
The second category of the determinants of XBRL reporting errors concerns filing characteristics. The first factor we use is the percentage of extensions (XBRL EXTENSIONS) in a filing. The higher percentage of extensions is expected to be associated with the higher likelihood of errors because companies create their own extensions most likely without the prior tests and validations. The second factor we use is the filing form. A firm usually spends less time on a 10-Q filing than on a 10-K filing. Thus, we expect that a 10-Q related XBRL filing (10-Q FORM) is more likely to have more errors.
6 Interactive data reporting is part of a company's internal control system. We argue that it is appropriate to borrow the definition of these control variables from the internal control literature.
Based on the above discussion, we summarize each of our directional predictions and variable measurements in Table 2 .
[Insert Table 2 about here]
Empirical model
We model the number of errors in an XBRL mandatory filing as a function of the abovementioned learning curve factors and the firm and filing characteristics using an OLS regression with the following construct: (1)
All variables are defined in Table 2 . In the above equation, we also include industry dummies and creation software dummies to control the clustering effects of industry and creation software.
We test H1a, H1b and H1c by assessing β1, β3, β5 respectively. Based on prior literature, we expect that β1, β3and β5 are significantly less than zero.
To test H2, we need to do a joint test on β2 + β4 -4*β3. When it is a fifth filing, "phase2" is equal to 1, "# of time passed in phase 1" is equal to 0, and "# of time passed in phase 2" is equal to 1. When it is a fourth filing, "phase2" is equal to 0 "# of time passed in phase 1" is equal to 4, and "# of time passed in phase 2" is equal to 0. Therefore, "β2 + β4 -4*β3" measures the average difference in # of errors between the fifth time and the fourth time holding all other things equal. Based on prior literature, we expect that "β2 + β4 -4*β3" is significantly greater than zero. [Insert Table 3 about here] Table 4 presents Spearman correlations among the key variables. The first column indicates negative correlations between # of errors and all our three test variables (p-level < 0.01), which is consistent with our prediction. In addition, as illustrated in Table 4 , many of our variables are correlated with one another. For example, # of QUARTERS PASSED is significantly correlated with most of the variables. As such, we examine all the determinants further by using multivariate analysis as follows.
Empirical results
Univariate test and descriptive statistics
[InsertTable 4 about here] Table 5 presents our multivariate test results from the OLS regression equation (1) in Section 3.5 with # of ERRORs as the dependent variable. As shown in Table 5 , most of the significant coefficients are in the predicted direction. The coefficient of "NUMBER OF QUARTERS PASSED" is significant (p-value<0.01) and negative, suggesting that the number of XBRL filing errors for a filer becomes lower as more quarters have passed. The coefficient of "NUMBER OF TIMES FILEDED IN PHASE 1" is significant (p-value<0.01) and negative,
Multivariate test
suggesting that the number of XBRL filing errors for a filer becomes lower as the filer filed more times during the first phase.The coefficient of "SOFTWARE VERSION" is significant (pvalue<0.01) and negative, suggesting that the number of XBRL filing errors is lower when using a higher version of XBRL software than when using a lower version of software. Furthermore, the joint test result of Hypothesis Two is consistent with our prediction (p-value<0.10),
suggesting that the number of XBRL filing errors for a filer is higher in its fifth time filing than in its fourth time filing.
As for the control variables, the coefficient of XBRL EXTENSIONS is significant (pvalue<0.01) and positive, suggesting that the deficiency in XBRL filings is associated with a higher percentage of extensions. The coefficient of 10-Q FORM is significant (p-value<0.05) and positive, suggesting that 10-Q XBRL filings are more likely to have errors when compared to 10-K XBRL filings assuming everything else is equal. The coefficient of VFP PARTICIPANT is positive and significant, which is inconsistent with our prediction, suggesting that VFP is not as effective as the program was intended for.
The correlation chart in Table 4 shows that some variables are highly correlated. To address the concern of multicollinearity, we also examine the Variance Inflation Factor (VIF).
None of the variables has VIF (untabulated) greater than 10.
Furthermore, the results in Table 5 provide evidence to support SEC's XBRL phase-in schedule, which allows the year two and later filers to benefit from the experience of year one filers. In the context of our research design, this means that the first time filers in the fifth quarterly filing (i.e., the first filings of the second phase-in group) should have fewer interactive reporting errors than the first time filers in the first quarterly filing (i.e., the first filings of the first phase-in group). Using the results in Table 5 , we can infer that on average the first filings of the second phase-in group have 4.716 7 fewer errors than the first filings of the first phase-in group of filers.
Overall, the results support both H1 and H2, which indicate that the regulatory body, the filing companies, and the software vendors all learn from the XBRL mandatory filings and use the experience to correct errors and improve the future filings.
[Insert Table 5 about here] 7 The only difference between the first time filers in the fifth quarterly filing and the first time filers in the first quarterly filing is "number of quarters passed". As shown in Table 5 , the coefficient of "number of quarters passed" is -1.179. Therefore, the difference of average error for the first time filers in the fifth quarterly filing and the first time filers in the first quarterly filing is: (-1.179*1) -(-1.179*5) = 4.716.
Robustness check
The descriptive data in Table 3 shows that the distribution of the dependent variable of the above OLS regression model "number of errors" might be skewed with many outliers 8 , which suggests that the estimation from the OLS regression might be biased. To address this concern, we use an indicator variable instead of a continuous variable for XBRL filing errors. Accordingly, we model the probability of having an error in XBRL mandatory filing as a function of the above-mentioned learning curve factors and the firm and filing characteristics using a logistic regression with the following constructs:
Prob (ERROR) = f (β 0 + β 1 # of QUARTERS PASSED+ β 2 PHASE2
+ β 3 # of TIMES PASSED in PHASE1+ β 4 # of TIMES PASSED in PHASE2+ β 5 SOFTWARE VERSION +∑ a n (Control Variable) n +
In the above model, the dependent variable ERROR is an indicator variable that is equal to one if an XBRL filing has an error and zero if a filing has no error. The definition of all other variables is the same as the Equation (1) in Section 3.5. Table 6 presents our multivariate tests results from the logistic regression equation (2).
As shown in Table 6 , the coefficients of all three test variables are negative and significant (pvalue<0.01), which is consistent with our prediction.
Overall, Table 6 results indicate that our primary results are robust to the different specifications we used in our research design.
[Insert Table 6 about here]
Concluding Remarks
We examine the overall changing pattern of errors in the first six quarters of the SEC XBRL mandate. Based on learning curve theory, we document significant learning curves measured by the number of errors per filing exhibited by the SEC, the filers, and the software vendors. Consistent with the theory of learning by doing, these learning curves indicate that the regulatory body, the filing companies, the XBRL technology providers, and the filing agents all learn from their experiences and use this knowledge to reduce the errors during the filing process and thus the future filings are improved. In addition, we find that the number of filing errors for a filer is significantly higher in its fifth time filing than in its fourth time filing, suggesting that the additional footnote tagging which is required starting one year from a filer's initial filing triggers a new round of learning curve and thus cautions practitioners to pay extra attention when preparing all four levels of footnote tagging. Our findings also support the SEC's phase-in schedule that allows the year two and later filers to benefit from the experience of year one filers.
Overall, our study provides evidence to encourage the SEC, the filers, and the XBRL technology supporting community to embrace the new mandate of interactive data reporting. Also, the evidence of a significantly decreased number of errors provides helpful information to address users' concerns regarding the data quality of XBRL filings.
This study is subject to two limitations. First, we focus on the overall changing pattern of all errors that fail the SEC validations. We do not study the importance of the specific types of errors such as computational errors or XBRL syntax errors, which may be of great interest to researchers and practitioners. Our objective is to examine the learning curves shown by all errors. More detailed studies on the specific types of errors in the XBRL filing process certainly warrant future research. Second, instead of gathering the filing data from the SEC EDGAR database by ourselves, we obtain our data from a publicly available data source. While we rely on the external data in this study, the nature of public data source makes our study easily verifiable and replicable. The data source also provides opportunities for future studies.
In conclusion, despite the large number of errors in the first few quarters of the mandatory interactive data reporting, the pattern of all errors is significantly decreasing. It is believed that the objective of the interactive data reporting to improve the usefulness of financial information is achievable through a collective effort. We provide empirical evidence by examining the learning curves exhibited by the regulatory body, the filing companies, and the technology supporting community. Table 3 Descriptive statistics
Panel A: Descriptive statistics of key variables (sample size N=4532).
All variables are described in Table 2 . Table 4 Spearman correlation among key variables RESTRUCTURING CHARGE 0.02 -0.04*** 0.05*** -0.05*** -0.09*** -0.04*** 0.07*** 0.01 -0.14*** 0.24*** 0.11*** All variables are defined in Table 2 .
(*), (**), (***) indicates significanceat the 0.10, 0.05, and 0.01 levels, respectively. Table 2 . (*), (**), (***)
indicates significanceat the 0.10, 0.05, and 0.01 levels, respectively. Table 2 . (*), (**), (***) indicates significance (P≥X 2 ) at the 0.10, 0.05, and 0.01 levels, respectively.
